Abstract: Averaging tree-ring measurements from multiple individuals is one of the most common procedures in dendrochronology. It serves to filter out noise from individual differences between trees, such as competition, height, and micro-site effects, which ideally results in a site chronology sensitive to regional scale factors such as climate. However, the climate sensitivity of individual trees can be modulated by factors like competition, height, and nitrogen deposition, calling attention to whether average chronologies adequately assess climatic growth-control. In this study, we demonstrate four simple but effective methods to visually assess differences between individual trees. Using individual tree climate-correlations we: (1) employed jitter plots with superimposed metadata to assess potential causes for these differences; (2) plotted the frequency distributions of climate correlations over time as heat maps; (3) mapped the spatial distribution of climate sensitivity over time to assess spatio-temporal dynamics; and (4) used t-distributed Stochastic Neighborhood Embedding (t-SNE) to assess which trees were generally more similar in terms of their tree-ring pattern and their correlation with climate variables. This suite of exploratory methods can indicate if individuals in tree-ring datasets respond differently to climate variability, and therefore, should not solely be explored with climate correlations of the mean population chronology.
Introduction

Background
One of the most fundamental methods used in tree-ring studies involves averaging yearly tree-ring measurements from multiple individuals. The resulting chronology is often referred to as the site, population, or master chronology [1, 2] . As is the case in many other disciplines, averaging replicated measurements serves to reduce individual noise and avoids pseudoreplications in statistical analyses [1] [2] [3] [4] [5] . Tree-ring variables, including width, density, and/or isotope concentration, are affected by various biotic and abiotic parameters, and when combined are often referred to as the 'principle of aggregated tree growth' [2, 3, 6, 7] . Therefore, the chronology of each individual tree is the unique product of multiple signals. Differences between trees can originate from competition, microsite differences, age, size, physical damage, or asynchronous masting [2, 3, 8] . Therefore, it appears desirable to average measurements from multiple trees to reduce this within-site variance and filter out the population-level signal(s). Particularly on the regional and landscape scale, or along large-scale environmental gradients like latitude, such mean chronologies are of great value to assess drivers of tree growth [9] [10] [11] . In such studies, it seems reasonable to assume that climate parameters affect all trees in a population similarly, and that the population signal largely contains climate signals.
It is desirable to quantify the effect of all parameters on tree growth; however, this is not yet possible. Explanatory variables of soil, micro-site conditions, root systems, or competition, available in a sufficient spatial and temporal resolution, are often not documented, nor are all the resultant physiological processes associated with tree-ring formation understood. Additionally, statistics require large sample sizes to detect small effects, which is critical if tree growth is the sum of many small effects [3, 7] . Lastly, environmental variables often interact and can have ambiguous effects on different physiological processes, for example, higher temperatures might increase the speed of chemical processes in radial tree growth, but conversely, can cause drought stress by increasing evapotranspiration. Even though tree growth appears highly complex, few research fields outside tree-ring science can access samples from specimens that yield century-spanning records of individualistic reactions to the environment. Such valuable datasets should be evaluated as thoroughly as possible; therefore, in this manuscript, we outline four methods to visualize and explore individual tree differences.
Sampling and Data Processing
Various methods and principles have been established to build and evaluate population chronologies. Each study begins with selection of the sampling design, which inherently depends on the research question. It has been both criticized and defended that trees and sites are frequently selected systematically and non-randomly [2, 12] . Generally, trees with high ring-width variability indicate that the growth-limiting factor varies between years, for example, climate. Such trees are preferred over complacent trees [3] , which might rather be limited by a factor that does not vary greatly interannually, for example, light. Less sensitive trees might require a higher sample size per site than just 20-30 individuals [2] . It is common practice in dendrochronology to sample only specific sites or individuals. For example, treeline sites are often preferred because climate conditions at these sites are assumed to impose greater limitations on growth than competition [13] . On the individual level, tall, old, and dominant trees are often preferentially sampled. Generally, these sampling procedures, just as the averaging of multiple trees, serve to filter out individual 'noise'. Similarly, individuals that do not correlate well with the rest of the population are often excluded when creating a population chronology with the intention to reduce 'noise'. Next, the resulting population chronology is often described with various statistical measures to quantify the signal-noise ratio (SNR) [14] , the mean sensitivity (MSX) [15] , the shared growth variance of trees-subsample signal strength (SSS), or the commonly used expressed population signal (EPS), with its debated threshold of 0.85 [14, 16, 17] . Apart from reporting these statistical measures, these values cannot directly enhance the interpretation of analyses like climate correlations. This is because these measures relate to the cumulative effect of all biotic and abiotic variables on tree growth, not just single variables. Additionally, the underlying data distributions of these statistical measures or causes of high and low values are rarely explored.
Chronology averaging also makes the assumption that frequency distributions of social status, age classes, and tree density per area do not significantly change over time. The interactions of individual trees are also lost through averaging, when in theory, emergent properties develop from interacting elements within a system that cannot be explained by the sum or mean of the elements. For example, in tree-ring studies, individual trees interact via competition or facilitation, which can lead to subsequent changes in forest structure (e.g., tree density, crown shape, above/below ground biomass allocation) [18] [19] [20] [21] , and further confound the explanation of tree-growth variability. Single trees are rarely the main focus of dendrochronological or dendroclimatological studies, with the possible Forests 2018, 9, 216 3 of 14 exception of very old individuals or individuals, such as the "Loneliest Tree in the World" [22, 23] , however, increasingly, studies do analyze individual tree differences [21, [24] [25] [26] [27] [28] [29] [30] [31] .
Of course, mean population chronologies remain a useful tool to explore how a population reacts on average to an environmental variable, but invariably, information might be lost or become biased in the process of noise reduction. A common saying, sometimes attributed to the mathematician Edward W. Ng, goes "one man's noise is another man's signal". Two types of noise can be distinguished in tree-ring studies. First, as described by the principle of aggregated tree growth [3, 7] , tree-ring properties are the product of multiple factors. Investigating only one of these factors without accounting for the others means every other factor contributes to the 'noise'. For example, the effect of nitrogen deposition is seen as noise when a drought signal is investigated, even though it has been shown that nitrogen deposition alters drought sensitivity [32] . Second, sensitivity to the same environmental factor can differ between individuals or different time periods [33] [34] [35] . Micro-site differences or competition not only have a direct effect on tree growth, but also indirectly modulate growth by altering the sensitivity of trees to other factors [6, 19, 20, 32, 36] . We therefore argue for utilization of the 'noise' and the exploration of individual growth differences.
Individual Based Assessments
The arguments above indicate that individual-based assessments of tree growth can potentially reveal additional insights into forest and treeline growth. For example, when climate correlations are explored, the frequency distribution of correlation coefficients can show if a few trees show a strong response or many trees show a medium response. Investigating the spatial distributions of trees with higher and lower correlation coefficients could identify site heterogeneities. Recently, temporally unstable climate correlations, termed the 'divergence problem', have been reported more frequently [35] [36] [37] . Of course, it would be of interest if this temporal phenomenon was distributed spatially (e.g., along temperature or moisture gradients). For example, at treeline sites the individual response to the divergence phenomenon might differ along the forest-tundra gradient [38] . Tree-level metadata, such as information on the spatial position of trees within a plot, tree height, crown-base height, crown diameter, social status, vitality, age, or competition indices, enhances individual-based analyses and can often easily be recorded directly in the field. Even though it requires considerable work and additional expertise, genetic analyses can provide data that can be used to identify clones [39] , or a link between tree-ring traits and specific genes [40] . However, the genetic effect on growth within a site is likely low compared to the environmental variables [41] .
The purpose of this study is to demonstrate, using an exemplary white spruce (Picea glauca (Moench) Voss) dataset, that individual-based assessments can offer additional insights into tree growth and ecosystem dynamics. We outline four simple but effective individual-based methods for the visual assessment of tree-ring datasets that describe tree and forest growth, as well as their environment control, in more detail than mean population chronologies can provide.
Materials and Methods
Site, Sampling and Data
To assess the possibilities of various individual tree assessment-methods, we used data from a white spruce (Picea glauca (MOENCH) Voss) treeline site at a steep (12-34 • ) south exposed bluff near Fairbanks, Alaska (64.70 • N, 148.31 • W). We hypothesized that the steep angle of incidence causes higher evapotranspiration, and consequently, water limited tree growth. A 1 ha plot was established in 2015 where all trees (N = 327) with a diameter at breast height (DBH) > 5 cm were sampled by extracting two cores per tree, or one core for small trees (DBH < 10 cm), to reduce damage to the tree. Cores were then mounted on wooden lathes and the surface was prepared with a core microtome [42] . Ring widths were measured from optical scans (Epson Perfection V700 Photo flatbed scanner, Nagano, Japan, 3200 dpi) with CooRecorder and were cross-dated visually with CDendro 8.1 (Cybis Elektronik [43] . Measurements of cores from the same tree were averaged. In addition, metadata for each tree was recorded in the field, including, tree height, DBH, crown diameter, crown base height, vitality (1 = best to 5 = dead), social status (open grown, dominant, codominant, intermediate, and suppressed), and spatial position (S100, SunNav Technology Co., Ltd., Tianjin, China, Differential Global Navigation System). The tree coordinates and DBH were used to calculate a neighborhood competition index (NCI, [44] ) for each tree.
Monthly climate data (precipitation sum, mean temperature, mean potential evapotranspiration (PET), and vapor pressure) were downloaded from the Scenarios Network for Alaska and Arctic Planning (SNAP) for the period 1901-2009 [45] , and the standardized precipitation evapotranspiration index (SPEI, [46] ) was calculated from this data with the R package SPEI [47] for 6 (SPEI6) and 9 (SPEI9) months. Because we only intended to investigate climate sensitivity and not reconstruct climate or model tree growth, we detrended both tree-ring and climate data with a 30-year cubic smoothing spline using the dplR package [48] in R 3.2.3 [49] . The resulting tree-ring indices (TRI) and climate indices preserve the high-frequency signal (year-year variability) for the assessment of climate-growth correlations, and reduce spurious correlations due to non-or weakly-connected long-term trends in radial growth and climate. Autocorrelation was removed from the tree-ring series (prewhitening) by utilizing the detrend function with the Ar method within dplR.
Climate Correlations
Whole period and moving window climate correlations were computed for all individual tree chronologies. Correlations were computed with the six climate variables for all months of the previous year and January-September of the current year (21 months), resulting in 6 × 21 = 126 correlation values per tree. Running the same correlations with a moving window (20 years width, one year offset) over the period where climate data was available (109 years) resulted in up to 6 × 21 × (109 − 30) = 9954 correlations per tree; though less for trees younger than the climate records. Given several hundred trees per site, this huge number illustrates why calculating arithmetic means as an intermediate step step is warranted to make the results interpretable. With the methods described below, we attempt to supplement such averaging with individual analyses.
Jitterplots of Climate Correlations
Monthly climate correlations are often illustrated with the month on the x-axis and the correlation coefficients on the y-axis, sometimes including confidence intervals. Analogue to such figures, for example, are those produced by the dcc function in the R package treeclim [50] ; jitter plots can be used to show the correlation values of all individual trees [24] . In addition to showing how frequent certain correlation values are, jitter plots also facilitate using metadata, such as age or competition index, as color. This allows the identification of trees that are more (or less) sensitive to a climate variable. The geom_jitter function in the R-package ggplot2 [51] is one way to implement this concept in R.
Individual Tree Moving Window Correlations
Temporally unstable climate correlations, sometimes called the divergence problem [37] , have been reported by various studies and its causes are still unclear [34, 37, 52] . Divergent growth can be assessed using methods such as moving window correlations (described above). While normal histograms show the frequency distribution of correlation values in one period, heat maps with a color scale for these frequencies are required to demonstrate how these frequency distributions change over time. The advantage of using moving window correlations with a single mean population chronology is that temporal changes in the variance of correlation values among individuals can become evident. 
Spatial Distribution Maps
Recording tree coordinates within a plot is advantageous because it facilitates assessment of the spatial distribution of individual-tree climate sensitivity. Most sites can be assumed to have some microsite differences, even though they might not be obvious in the field. Microsite variability is caused by multiple factors, including, soil depth differences, above-or below-ground water runoff, organic matter accumulation in depressions, distribution of other competitive or symbiotic organisms, the effect of shading on photosynthetically active radiation, temperature, and evapotranspiration. Environmental gradients, such as the treeline datasets used in this study, are also particularly suitable for spatial analyses, because they cover environmental gradients. Furthermore, the incorporation of moving window climate correlations adds a time component to examine temporal variability in spatial patterns of climate sensitivity. In print, multiple maps are required to visualize spatio-temporal dynamics properly, however, in digital media, plots of multiple time windows can be combined into a video or animation.
The t-SNE Method to Assess Tree Similarities
Most scientific plots only use two dimensions (x and y axis), as more than four dimensions, after adding a z-axis and colors, are almost impossible to display within one plot. However, many datasets that describe more than four properties of any individual or item would require more dimensions to be plotted. For example, the ring width of one year can be interpreted as one trait and would require one dimension per year if not plotted as a time series. Similarly, climate growth correlations for multiple climate variables would require more dimensions to be plotted (e.g., 126 dimensions/climate variables in this study). Many correlations are appropriate because tree growth is a process that takes place over the whole vegetation period; winter months also affect growth via snow fall, snow melt water, and extreme events, and even the months of previous years can affect reserves (non-structural carbohydrates, NSCs), buds formed for the next year, or needles persisting multiple years, in the case of evergreen conifers. Thus, it can be desirable to identify trees with similar tree ring patterns or similar climate responses to identify what makes trees more similar or different. Clustering methods are an approach to assess similarity. Common clustering methods, like the k-means algorithm [53] , require users to predefine a (more or less meaningful) discrete number of clusters. Principal component analyses (PCA), on the other hand, assesses commonality between variables, which is often employed just to visualize the first two principal components in biplots, resulting in the loss of individual information. However, developments like the principal component gradient analysis [31] show the utility of such methods and validate the interest of the tree-ring community in intra-site differences in climate sensitivity.
t-distributed Stochastic Neighbor Embedding (t-SNE [54] ), which originated from machine learning algorithms to reduce multi-dimensional data and create 2D plots, could be a more suitable method to assess why certain trees have similar climate responses. Points corresponding to trees with more similar tree-ring patterns or climate responses are plotted closer to each other. Thus, trees are not assigned to discrete clusters, but the distance between two points/trees in a t-SNE plot reflects their similarity on a continuous scale. We created t-SNE plots with the R-package Rtsne [55] using the TRI data and the 126 climate correlations for each tree. t-SNE plots based on TRI will highlight which trees have similar year-year variability in tree-ring width (high-frequency signal). Analogous to TRI, t-SNE plots based on the climate correlations of each tree will illustrate which trees have similar climate sensitivity. As with PCAs, the t-SNE method cannot handle missing values, therefore, a tradeoff decision between including younger trees and including tree-ring data over a longer time period had to be made. We chose to exclude the youngest 10% of the trees in the TRI t-SNE analysis, and we only used the climate-growth correlations of the last moving windows 
Results
Jitterplots
The correlations between climate and individual trees varied significantly for most climate variables, but often ranged between −0.5 and +0.5 ( Figure 1A ). Detrending procedures (30-year cubic smoothing spline and prewhitening) reduced this variance significantly ( Figure 1A,B) . Correlation coefficients of the mean population chronology mostly indicated stronger correlations than would be expected by the mean individual tree coefficients. Indicated by the color gradients in Figure 1 , differences between the sensitivity of individual trees to April SPEI9 appeared to be related to competition (NCI). We observed that the detrending of the tree-ring width and climate data switched which trees were most sensitive to April SPEI9, and in many cases even switched the sign of the correlation ( Figure 1A,B) . After detrending, trees with a lower NCI, i.e., trees closer to the treeline edge with fewer neighbors, were most sensitive. The effect of detrending on the climate-growth correlations is discussed in Supplementary Material Figure S1 . coefficients of the mean population chronology mostly indicated stronger correlations than would be expected by the mean individual tree coefficients. Indicated by the color gradients in Figure 1 , differences between the sensitivity of individual trees to April SPEI9 appeared to be related to competition (NCI). We observed that the detrending of the tree-ring width and climate data switched which trees were most sensitive to April SPEI9, and in many cases even switched the sign of the correlation ( Figure 1A,B) . After detrending, trees with a lower NCI, i.e., trees closer to the treeline edge with fewer neighbors, were most sensitive. The effect of detrending on the climategrowth correlations is discussed in Supplementary Material Figure S1 . Jitterplot of (A) Pearson correlation coefficients of the raw tree-ring width with the SPEI9 for individual trees (small colored points) and for the mean population chronology (big black points). The neighborhood competition index (NCI) was used as color scale for individual trees; (B) the same correlations as in (A), but using detrended ring width (tree-ring indices (TRI)) and SPEI9 time-series (30-year cubic smoothing spline and ring width was additionally prewhitened).
Individual Tree Moving Window Correlations
Heat maps were used to assess 'individual tree moving window climate correlations', and described the frequency distribution of correlation values in each time window (3D histograms). Figure 2 shows three examples of the general patterns that heatmaps can provide, in particular, stability over time, changes over time, and variance differences between climate variables. For example, climate correlations were comparatively strong and stable over time, showing no changes in mean, variance, and skewness of the distributions for April SPEI9 (Figure 2A) . However, more frequently, these distribution parameters changed over time (e.g., June temperature, Figure 2B ). Jitterplot of (A) Pearson correlation coefficients of the raw tree-ring width with the SPEI9 for individual trees (small colored points) and for the mean population chronology (big black points). The neighborhood competition index (NCI) was used as color scale for individual trees; (B) the same correlations as in (A), but using detrended ring width (tree-ring indices (TRI)) and SPEI9 time-series (30-year cubic smoothing spline and ring width was additionally prewhitened).
Heat maps were used to assess 'individual tree moving window climate correlations', and described the frequency distribution of correlation values in each time window (3D histograms). Figure 2 shows three examples of the general patterns that heatmaps can provide, in particular, stability over time, changes over time, and variance differences between climate variables. For example, climate correlations were comparatively strong and stable over time, showing no changes in mean, variance, and skewness of the distributions for April SPEI9 (Figure 2A) . However, more frequently, these distribution parameters changed over time (e.g., June temperature, Figure 2B ). Typically, these distributions were normally distributed at mean correlation values around zero, and became skewed toward zero at higher or lower mean values. The variance can also differ slightly between climate variables, as shown in Figure 2A ,C, though much larger variances can be found at other sites (not shown).
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Spatial Distribution Maps
The climate sensitivity of individual trees displayed a random spatial distribution in the plots for most climate variables. However, in some cases spatio-temporal patterns emerged. By comparing Figure 3A ,B, the initial absence of spatial patterns is visible in the period 1969-1988 when all trees showed a similar sensitivity to April SPEI9. Interestingly, between 1989-2008, further away from the treeline edge, and particularly for trees growing at more northerly locations, sensitivity to April SPEI9 declined (Figure 3 ). This corresponds to the drought gradient anticipated by the treeline formation. Spatio-temporal dynamics for April SPEI9 and all other climate variables are also visualized as videos in Supplementary Material Video S1. 
The climate sensitivity of individual trees displayed a random spatial distribution in the plots for most climate variables. However, in some cases spatio-temporal patterns emerged. By comparing Figure 3A ,B, the initial absence of spatial patterns is visible in the period 1969-1988 when all trees showed a similar sensitivity to April SPEI9. Interestingly, between 1989-2008, further away from the treeline edge, and particularly for trees growing at more northerly locations, sensitivity to April SPEI9 declined (Figure 3 ). This corresponds to the drought gradient anticipated by the treeline formation. Spatio-temporal dynamics for April SPEI9 and all other climate variables are also visualized as videos in Supplementary Material Video S1. Figure 3A ,B, the initial absence of spatial patterns is visible in the period 1969-1988 when all trees showed a similar sensitivity to April SPEI9. Interestingly, between 1989-2008, further away from the treeline edge, and particularly for trees growing at more northerly locations, sensitivity to April SPEI9 declined (Figure 3) . This corresponds to the drought gradient anticipated by the treeline formation. Spatio-temporal dynamics for April SPEI9 and all other climate variables are also visualized as videos in Supplementary Material Video S1. 
Similar Tree Ring Patterns and Climate Sensitivity
The t-SNE method visualizes trees which were more similar or more different regarding their TRI pattern and climate correlations, with more similar trees plotted closer to each other. Similarity between individual-tree ring-width patterns and climate-growth correlations of the 126 climate variables varied, but did not exhibit distinct groupings. However, superimposing the t-SNE plot with color scales based on tree metadata reveals the parameters that contribute to tree growth and climate sensitivity. The t-SNE plots show that trees with a similar TRI pattern or similar climate sensitivity also had a similar crowding index (Figure 4) . However, there are some exceptions where several trees with a low NCI have a climate sensitivity more similar to that of trees with a high NCI. The t-SNE method visualizes trees which were more similar or more different regarding their TRI pattern and climate correlations, with more similar trees plotted closer to each other. Similarity between individual-tree ring-width patterns and climate-growth correlations of the 126 climate variables varied, but did not exhibit distinct groupings. However, superimposing the t-SNE plot with color scales based on tree metadata reveals the parameters that contribute to tree growth and climate sensitivity. The t-SNE plots show that trees with a similar TRI pattern or similar climate sensitivity also had a similar crowding index (Figure 4) . However, there are some exceptions where several trees with a low NCI have a climate sensitivity more similar to that of trees with a high NCI. 
Discussion
The tree-ring patterns of individual trees differ at the site-level, which appears to be partly caused by differences in individual responses to climate variability. Depending on the target research question(s) and spatial scale of application, it can be useful to remove these differences by averaging all individuals, or, as demonstrated here, various methods can explore these differences systematically and aid the ecological interpretation of the results. Our research highlights that tree metadata, like age, height, crowding indices, or microsite differences can be used to assess climatic growth-drivers in more detail. 
Variances
Discussion
The tree-ring patterns of individual trees differ at the site-level, which appears to be partly caused by differences in individual responses to climate variability. Depending on the target research question(s) and spatial scale of application, it can be useful to remove these differences by averaging all individuals, or, as demonstrated here, various methods can explore these differences systematically and aid the ecological interpretation of the results. Our research highlights that tree metadata, like age, height, crowding indices, or microsite differences can be used to assess climatic growth-drivers in more detail.
Variances
The frequency distributions of climate correlations gradually highlighted that some climate variables correlated with all trees similarly and continuously throughout time, indicating that this climate parameter influences the growth of all trees at a site (e.g., April SPEI9, Figure 2A ). In contrast, we also found that climate sensitivity can vary significantly over time (e.g., June temperature, Figure 2B [35] [36] [37] ) or show a higher variance (e.g., previous year August SPEI6, Figure 2C ). Highly variable climate sensitivity can be caused by differences in microsite conditions and individual-tree parameters like age, height, or competition [25, 56, 57] . Climate correlations with population chronologies do not consider these individual differences and provide only one correlation value. Thus, as with all averaging procedures, the underlying distribution of the data is lost. Our results indicate that skewness in the distribution of correlation values increases with the mean value. In this case, climate sensitivity may be underestimated by climate correlations with population chronologies. Interpreting population-level climate-correlations with respect to population statistics like the SSS [14, 17] does not solve this problem either, because these measures are not directly linked to single environmental variables, but the overall variance between individuals. The variability in the climate sensitivity of individual trees generally calls for further analyses to determine potential causes.
Individual Metadata Effects on Climate Sensitivity
Variability in individual tree growth, as pointed out above, emphasizes the importance of collecting tree-level metadata. In this study, metadata that quantified individual differences provided valuable information on the causes of different climate sensitivities. The jitter plots (Figure 1 ) indicated the variables that could affect climate sensitivity, such as the neighborhood competition index NCI at our study site (Figure 1) . On the downside, multicollinearity between metadata variables can complicate these investigations. In our case, trees with a higher crowding index were also taller, likely because vertical growth is promoted by competition for light [58, 59] .
The spatial distribution of the climate correlations of individual trees does indicate an environmental gradient at the site (Figure 3) . In other studies, such maps might not just indicate gradients, but also local spots or groups of trees with different climate sensitivity. Furthermore, metadata was crucial for the t-SNE method. t-SNE plots, based on TRI and climate correlation values, did not show discrete clusters (i.e., a group of trees separated far from other trees). However, the distribution of trees in the t-SNE plots indicated that trees did differ regarding their TRI pattern and their climate sensitivity, with variability expressed continuously and not in discrete clusters. Superimposing metadata color-scales in the t-SNE plots revealed potential variables that could make trees more similar or different. As already indicated by the jitter plots, the crowding index appeared to affect climate sensitivity at our study site ( Figure 4B ). The t-SNE plots based on TRI are potentially useful in the absence of strong climate-growth relationships and can help identify what factors limit tree growth. Furthermore, t-SNE plots based on many climate correlations, as in Figure 4B , can be used to illustrate an individual-tree climate-sensitivity fingerprint. This can be used to identify trees that are generally more sensitive to drought related parameters due to their root system, wood anatomy, or microsite. Such trees will likely not just show a higher sensitivity to one monthly climate variable, but a whole set of moisture related variables.
Various potential mechanisms could explain why climate sensitivity varies along certain metadata gradients. For example, competition for resources, like water, could modulate climate sensitivity. In particular, asymmetric competition, meaning that the competitive power scales under or over-proportional to tree-size, could vary individual water availability [60] [61] [62] . As trees grow taller with age, their wood anatomy changes (conduit tapering [56, 57, 63] ), which increases hydraulic resistance, and thus, could also increase drought susceptibility [64, 65] . In theory, genetic or epigenetic differences could also alter climate sensitivity, although, this has usually only been shown in provenance trials [40] , not for natural within-site genetic variation [41] .
Potential Further Analyses
Some of the differences in tree-level climate sensitivity can be explained, and should not necessarily be treated as noise. Earlier studies have shown that parameters like competition, nitrogen deposition, and tree-height-related wood anatomical changes affect climate sensitivity [19] [20] [21] 32, 59, 66] .
In this study, we demonstrated how to visually detect potential causes of different climate sensitivities. We suggest that more advanced statistical analyses and tree-growth models are needed to describe climate-growth relationships more realistically. As the principal of aggregated tree growth already indicates, there is an almost infinite number of variables that directly affect tree growth [2, 3] , which are often modulated by other variables. Additionally, 'complete' tree growth models would have to account for the various physiological processes within a tree, e.g., photosynthesis and cambial activity, and separate how each process affects tree-ring parameters. Such models are not yet possible, leaving scientists to use more basic methods, like climate correlations with mean chronologies. However, increasing sample sizes and newer statistical methods allow for analyses that include the individual variables visualized in our study.
One advantage of simply averaging multiple individual tree chronologies is that it avoids pseudoreplications in statistical analyses.
However, methods exist that can account for pseudoreplications while not relying on the computation of mean values. Mixed models can accomplish this via random effects [5, 67] , and have successfully been applied to tree-ring datasets [30] . For example, tree IDs can be used as random intercepts in mixed models. These random intercepts, sometimes called the nuisance variable, can consider that some trees grow more or less without exactly knowing why. More complex mixed models might also incorporate random slopes [5] , which could be used to account for individual climate-sensitivities. Generally, variable interactions can be used in various model types to account for modulations of climate sensitivity by additional variables like tree height or crowding indices. Lastly, process based and agent based models (ABM) are promising tools that have become increasingly popular. Process based models can be used to model the growth rate/process over the course of the year, though they can be difficult to fit [68, 69] . Agent based models can be particularly suitable to account for interactions between individuals (agents), such as competition for light and water [70, 71] .
Conclusions
This article addresses the principle of aggregated tree growth and the accumulating evidence that various parameters influence the climate sensitivity of individual trees, such as, competition [21, 25, 66] , age [29, 57] , and height [56, 59] . The methods described here highlight individual tree differences and potential causes. In tree-ring science applications, inferring the general effects of climate on overall tree growth from single individuals is not possible [24] , nor appropriate, thus, the principle of sample replication has become extremely important in tree-ring studies. However, tree metadata is becoming increasingly available, and as sample sizes increase, site-level may not be the best methodological option anymore. Thus, we agree with the assessment of Lloyd et al. [6] , who argued for the integration of dendrochronology with other disciplines that can provide metadata. The methods described in this article are therefore intended to promote individual-based analyses of tree-ring datasets and the exploitation of tree metadata, with the ultimate goal of contributing to a better understanding of tree growth and its driving factors.
